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Abstract
Recent research study has proposed a computational theory of perceptual mapping that shows how a useful inexact global
perceptual map is computed without correcting sensor errors. An unexpected consequence of the theory is that the map computed 
is never closed, expanding ad infinitum. This creates an interesting transient perceptual map but then an important question
arises: how does one compute an enduring map from it? In this paper, we address this question by showing how Albot1 computes
a topological-metric map from its perceptual map. Importantly, we show that the map computed is not based upon partitioning
the physical environment into places of a fixed size and that these places, when combined using a single frame of reference, do
not produce a precise global map. We show how such a map is used during navigation to provide expectations, say, to where
exits in a current place can be found.
© 2013 The Authors. Published by Elsevier Ltd.
Selection and/or peer-review under responsibility of the Universiti Malaysia Sarawak
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1. Introduction
A recent computational theory of perceptual mapping [1] shows how a useful inexact global perceptual map is
computed without correcting sensor errors. The theory abandons the idea of integrating successive views to form a
map. Instead, a view, say, Vi, is entered into the map as a description of a local environment that one is about to
explore. While exploring within that space, the map is not updated again with information coming from subsequent
views, Vi+1..i+n. The map is updated only when one is about to move out of the space defined by Vi (i.e. the local
environment) and this situation is detected via a mechanism that involves tracking surfaces/objects seen in Vi, in all
subsequent views, Vi+1..i+n. The viewer also uses these tracked objects for positioning and orientating itself in the
map, via a process of transforming view co-ordinates to map locations (via triangulation).
The theory has been tested successfully on Albot1, a mobile robot equipped with a laser and an odometer but
embedded with a cognitively interesting algorithm for performing spatial mapping. [1, 2] (for further discussions on
the Albots approach, see [3]). Fig. 1a shows Albot1 at the start of its journey through the environment as shown in
Fig. 1b. Fig. 1c shows an example of a perceptual map produced by Albot1 following a route similar to that shown
in Fig. 1b. The map produced captures the overall shape of the environment traversed but is not exact. This is
apparent when the robot continues from where it stops and re-enters CAIR (Centre for Artificial Intelligence
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Research) Lab; its map becomes misaligned. The map is also incomplete; for example, the bottom right of the map
shows some information about the environment is missing which the robot would have seen while traversing there.
Fig. 1. (a) A view of the robot at the start point. (b) A single loop through the test environment. (c) An inexact global map
algorithm. S indicates the start of the journey and E indicates where the robot stops. (d) A classic model for Spatial Cognition (e.g. [7])
Since the map is not updated continuously, there is no merging of information during updates i.e. between
information in the map that is found to co-locate with information from the incoming view. The former could be
entered into the map during an earlier visit or from a different vantage point. Such information is removed from the
map before information from the incoming view is added. Consequently, when the robot re-enters CAIR Lab, as in 
the above situation, it removes information in that part of the map and replaces it with the current view. Thus, no
misalignment of the map is detected. This makes updating the map straightforward but the map is expanded ad 
The question we address in this paper is how one computes an enduring map from such a transient map. In 
particular, can a topological-metric map be computed? Robotics researchers have argued that the latter is an
efficient representation for path planning [4] and cognitive mapping researchers have argued that such a
representation is observed across many different species, for example in humans [5] and in nonhuman primates [6].
Thus, if this could be done, our model shows how two fundamental steps in spatial cognition work (see Fig. 1d), 
albeit in a robot. It is important to emphasize that this paper makes no claim that the model is necessary for spatial
cognition or that the algorithm presented is efficient for robot use. Rather, this paper is only an exploratory study to
investigate if a topological-metric map can be computed from the transient map. It is hoped that cognitive
researchers could evaluate its suitability as a model for spatial cognition and robotics researchers could use it as a
model for robot mapping and develop efficient algorithms for it.
To compute a topological-metric map from its transient perceptual map, Albot1 needs an ability to recognize
places re-visited. However, since the perceptual map computed is meant to be incomplete and inexact, the
recognition of a place when re-visiting is not about correcting the perceptual map to make it exact. This is in
-
recognition of a place is about learning the connection of places visited and should be a straightforward process 
when one learns the places en route and in sequence. However, the notion of a place at the topological level is more
abstract than the notion of a local environment afforded in a view. While the latter is a bounded representation that
is delivered directly at the perceptual level, the former can be real or imagined, and its boundary can be precise or 
in it. Its physical size should not be pre-determined using some fixed strategy. This is in contrast with the approach 
can be applied efficiently to produce co
experience in the environment and information in it is abstracted to be part of, but not define, a place visited. A
place is often learned without knowing its entirety.
In section 2.0, we present two straightforward algorithms, one for remembering places visited and another for
recognizing places re-visited, for Albot1 to compute from its perceptual map a topological-metric map as
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characterized above. In section 3.0, we discuss three experiments conducted to investigate how well Albot1 
computes its topological-metric map and use it for navigation. In section 4.0, we discuss related work and highlight 
the novelty and significance of our results. In section 5.0, we conclude with a brief discussion of future work. 
2. On learning a topological-metric map 
In this section, we present two algorithms that enable Albot1 to compute a topological-metric map from its 
perceptual map. The first algorithm enables Albot1 to compute a representation of places visited and the second 
algorithm enables Albot1 to recognize places re-visited. The resulting topological map learned is a list of places 
visited and each place consists of two pieces of information: an inexact metric map with its own frame of reference 
and an exit list containing information about exits used to move in and out of this place. Each exit has three values: 
its whereabouts in the current place, the place it leads to, and the exit of the place it leads to. 
2.1. Remembering Places Visited 
Humans and animals are observed to make use of a rich variety of information to define and recognize a place. 
Such information includes landmarks [11], local geometry [12], functional properties and an array of unique/ 
interesting objects. Being a primitive 1 needs a mechanism to signal that it is in a place and given 
that it explores an office-like environment with well-defined exits (i.e. doorway), we implement an algorithm that 
computes a place representation whenever an exit is crossed. The algorithm is defined as follows. 
Let an exit be a gap found in the environment about 1 meter wide. This is the typical size of the doorways found 
in Albot1 1 is in be Pc = ({}, {E1}) where {} is the initial empty 
metric map and {E1} is its exit list containing, for now, the exit which it crossed to enter into this place. When the 
perceptual map is updated with new surfaces, these surfaces will be marked as belonging to Pc. When an exit is 
crossed, do: 
1. Create the metric map for Pc by collecting all surfaces marked Pc in the perceptual map: Pc = ({S1, S2
Sj}, {E1}); 
2. If Pc is a new entry in the topological-metric map, create a new node in the map for Pc. 
3. If not, combine its description with the appropriate entry in the topological-metric map.  
4. Update the exit information between this place and the previous place so that it makes a correct reference for 
this place node; 
5. Check if the exit just crossed is leading to a known place, say, Pv. If so, mark Pc as equivalent to Pv. 
6. Set current place to Pc = ({}, {}); 
7. Update perceptual map with the current view and update exit list of current place to include the exit just 
crossed: Pc = ({}, {E1}). 
Note that the last step creates a force update of the perceptual map and is done to re-enter the surfaces in view 
into the perceptual map so that they are marked as part of the current place.  
Our algorithm thus defines a place as the part of the environment one has experienced prior to crossing an exit 
and leaving the place. Initially, the algorithm will generate an incomplete place definition that also includes surfaces 
that are part of another place. It is incomplete because the robot seldom explores a place completely. Its initial 
definition will include surfaces of other places because these surfaces are perceived through the exits while the robot 
is still exploring the current place. As noted earlier, both these properties are part of a place definition. 
2.2. Recognizing Places Re-visited 
With limited sensing, Albot1 uses its perceptual map to detect returning to a familiar place. To do so, whenever it 
finds surfaces in its perceptual map that co-locate with those from the incoming view, it now checks to which places 
these surfaces belong before it deletes them from its perceptual map. However, due to the inexact nature of the 
perceptual map, encountering such surfaces does not necessarily mean that one is in a familiar place. To increase the 
likelihood, Albot1 seeks further evidence to confirm that this is the case. It does so by comparing the structural 
description of the current place with the remembered place that it believes that it is currently re-visiting. Hence, 
whenever Albot1 updates its map with the incoming view and finds there are more than n co-locating surfaces in the 
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map, it will attempt to confirm if it is in a familiar place. Note that n is a function of the size of the place being re-
visited; a smaller place requires lesser number of surfaces to be sighted prior to confirming that one is re-visiting it. 
The algorithm for confirming a place is being re-visited is defined as follows: 
Let Pc = {S1, S2 j} be a description of the current place and Pv 1 2 k} be a description of the 
place that one believes that one is re-visiting (exit list is omitted). To confirm, do: 
c, do:  
  v, do: 
1. c centering on S 
2. Calculate x, the number of non-collin . they roughly 
co-locate and have the same orientation. 
3. If x is > 4, then confirm that the two places are the same. 
Note that in the implementation, we only consider surfaces with a length > 40cm and two surfaces are considered 
the same if they are not separated by a gap > 40cm and the angle between them is < 50. These threshold values are 
chosen arbitrarily. 
3. Experiments and Results 
Three experiments were conducted to test and evaluate the extended algorithm for Albot1. As in our earlier work, 
Albot1 is a pioneer-3DX mobile robot (from MobileRobots Inc., Amherst, NH, USA). It is equipped with a 180-
degree SICK laser scanner and an odometer. The view of its environment consists of laser points, converted into 
lines denoting surfaces perceived. Albot1 is given route instructions as to where it should go. 
3.1. Experiment 1  
In the first experiment, we test whether Albot1 can recognize that it is re-visiting a place (after travelling about 90 
meters) and create a correct topological-metric map. Fig. 2a shows the loop through the environment used for this 
experiment. En indicates the exits recognized by Albot1. Albot1 starts and ends at point A, traveling in a clock-wise 
direction. It went through 6 exits before re-visiting the starting place and should therefore compute a topological-
metric map with 6 unique places. Fig. 2c shows the result of the topological-metric map computed. Note that the 
metric map for each place shows some surfaces which are also part of an adjacent place to which the robot has 
visited. These surfaces are seen from the exit prior to leaving the place. 
Using the same route, the experiment is repeated with two different start-end positions (marked B and C in Fig. 
2a). In both cases, the robot successfully recognizes the place re-visited and creates a correct topological-metric map 
(these results are not shown). 
3.2. Experiment 2 
In the second experiment, we present a situation where Albot1 fails to recognize that it is entering a familiar 
place. The new route traversed (about 150 meters) is as shown in Fig. 2b. As in the first experiment, Albot1 returns 
to its starting position (i.e. CAIR Lab) but as it enters that place, it is instructed to turn left to explore a part of the 
laboratory that it has not seen before. At the entrance, it detected some surfaces marked P1 but they are not enough 
of them to trigger a check on whether it has indeed returned to P1. Consequently, it thinks it is in a new place and 
continues its exploration. 
When Albot1 returns to the exit, E6, where it came from, it creates a new node, P7, in its topological-metric map 
as shown in Fig. 3a. From the exit information, it knows that it is entering P6. It turns left and discovers more of P6 
and it later exits into a new place, P8. When it crosses from P8, to P2 via E8, it recognizes P2. Note that P2 is seen 
from a very different perspective. From here, it turns left, crosses the exit E1, and knows that it is moving into P1 
via the exit used. While exploring P1, it detects some surfaces belonging to P7 and confirms that it is (Fig. 3c). Fig. 
3d shows the updated topological-metric map as a result of traversing the route as shown in Fig. 2b. Note that the 
metric maps of places P1 and P6 are updated with more information and a description for P8 is added. 
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Fig. 2. (a) A single loop and (b) a double loop through the test environment (c) An example of a topological-metric map computed. The circles 
represent the places learned (its relative size indicates the relative size of each place) and besides it, its metric map is displayed. The dotted line in
the metric map of P1 shows surfaces belonging to P2 but seen from P1 when it was first learned.
Fig. 3. (a) (b) (c) The topological-metric map learned at 3 different stages during Experiment (d) The topological-metric map after traversing the 
path as shown in Figure 2b
3.3. Experiment 3
In the third experiment, we demonstrate how a topological-metric map is used by Albot1 for navigating in its
environment. Many researchers have demonstrated the use of such a topological map for path planning (e.g. [4]).
However, since loop closing is not done here at the level of the metric maps, these maps, retrieved from the
topological-metric map, are not aligned properly with its physical counterpart and therefore cannot be used directly 
for local navigation. To overcome this problem, we bring these maps into the perceptual map, one at a time and as
one move from one place to another. These maps can then be aligned locally at their common exit. Doing so enables
the robot to know what lies immediately ahead and thus can use the information to guide its local navigation. It is
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not necessary to bring all the details of a metric map of a place into the perceptual map especially if one is simply 
walking through the environment. For the latter, it suffices to know the whereabouts of the local landmarks and/or 
exits nearby. 
To test the above idea, we modify the two algorithms above (one for crossing the exit and the other for 
confirming a place re-visited) so that whenever a place is re-visited, its known exits are also added to the perceptual 
map. After learning the environment as in experiment 1, the robot repeats the same route through the environment, 
re-visiting all the known places. If the metric map of a place is aligned properly locally (in this case, the exits only), 
the robot should find an exit in its perceptual map that co-locates with the physical exit encountered, thus knowing 
its whereabouts and which place it is visiting next. The two algorithms are modified (in bold) as shown below: 
When an exit is crossed, do: 
1. Create the metric map for Pc by collecting all surfaces marked Pc in the perceptual map: Pc = ({S1, S2
Sj}, {E1}); 
2. If Pc is a new entry in the topological-metric map, create a new node in the map for Pc. 
3. If not, combine its description with the appropriate entry in the topological-metric map.  
4. Update the exit information between this place and the previous place so that it makes a correct reference for 
this place node; 
5. Check if the exit just crossed is leading to a known place, or that it co-locates with a known exit leading 
to, say, Pv If so, mark Pc as equivalent to Pv. Add exits of Pv to the perceptual map (this is the alignment 
step). 
6. Set current place to Pc = ({},{}); 
7. Update perceptual map with the current view and update exit list of current place to include the exit just 
crossed: Pc = ({}, {E1}). 
When adding exits of Pv to the perceptual map (step 5), one uses the exit just crossed as a reference point for 
calculating the co-ordinates of the exits of Pv in the perceptual map. These exists are stored in a separate list so that 
they could be easily accessed (for step 5 above). 
To confirm that a place is being re-visited: 
c, do:  
  v, do: 
1. o the metric map of Pc centering on S 
2. Calculate x, the number of non-
co-locate and have the same orientation. 
3. If x is > 4, then confirm that the two places are the same.  
4. Add exits of Pv to the perceptual map. 
 
This experiment begins with Albot1 traversing the same route as that shown in Fig. 2a. When Albot1 has 
confirmed that it is re-visiting P1 (i.e. CAIR Lab.), it adds the exits of P1 (in this case, just E1) to its perceptual map. 
-metric map but is aligned locally) are shown as a light open rectangle 
in Fig. 4a. Positions of actual exits used while traversing the environment are marked using a square. If these two 
exits co-locate, then one knows that one is entering into a known place. In Fig. 4a, we find the two co-locates very 
well and thus when the robot crosses E1, it knows that it is re-visiting P2 and immediate aligns its exit, E2, in its 
perceptual map. This process continues until the robot reaches P6. In Fig. 4a, we also show the original position of 
the exits retrieved from the topological-metric map when they were learned. These exits are marked using a filled 
rectangle and as can be seen in Fig. 4a, they would have shown the wrong whereabouts of these exits. Fig. 4b shows 
the mid-point distance of these exits from the exits perceived in the perceptual map. 
4. Discussions 
When robotics researchers first attempted to seriously develop robots that can map its environment 
autonomously, the idea of computing an exact metric map was thrust upon them since these maps cannot be used 
unless the sensor errors are corrected. The limitations of having an exact metric map are well acknowledged in the 
robotics literature [4]. Now that these algorithms are better understood [13], robotics researchers have begun to 
develop topological-metric maps, especially for dealing with large environments [14] and to take advantage of the 
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use of other sensors, notably vision [15]. Initially, robotics researchers focused on developing a topological map on
top of its metric maps for planning purposes only [4]. Later they used such a map to help close the loop. The latter 
idea is interesting because it uses a topological representation to help create a metrically accurate one. However, this
means that the problem of creating a topological map becomes intricately linked to the problem of computing a
metric map and this makes the problem hard. For example, robotics researchers who implement a topological-metric 
map to take advantage of having local maps (e.g. [16]) need to tackle the problem of transforming between local
reference frames. Others who try to exploit the richness afforded in vision for place recognition [15] are faced with
the problem of indexing a known place to the metric map. While these technical problems can be solved, albeit for 
robots, it is highly unlikely that 
have a highly accurate map in our head.
Fig. 4. (a) Predicting the whereabouts of exits when re-visiting a place (b) A comparison of mid-points distances between exits predicted (square
denotes aligned and triangle denotes non-aligned) and actual exits perceived
In our approach, we take inspiration from nature and observe that its topological map is computed as an enduring
representation primarily for remembering the connectivity between places experienced. We designed algorithms that
are sufficient for Albot1 to learn a topological metric map from its transient, inexact perceptual map. Technically, 
our algorithms are straightforward since Albot1 -
like environment and as noted earlier; our goal is not in search of a powerful algorithm for robot mapping. Based on
-size gaps in the environment to signal entering and leaving a place and 
straightforward matching of the shape of a place to confirm re-visiting.
What is more relevant is the kind of topological-
tend to discuss the scaling up of an algorithm in terms of its own performance. In cognitive science, we argue that it
how cognition works across species [3]. From this perspective, three important lessons are learned. First, the metric
computing a topological map. Third, the topological map provides useful local maps for solving problems locally.
The idea that the perceptual map is an inexact map turns out not to be problematic when computing a
topological-metric map from it. It allows Albot1 to automatically learn places that are not of a fixed structure. In
fact, learned this way, the shape of a place can be complex (as shown in P5 which is a large irregular shaped
corridor), its boundary can overlap with other places and its shape can be incomplete. If Albot1 were able to identify
what it perceives and/or reasons about a place, its representation could be enriched. When recognition of a place
fails, it does not necessarily have disastrous consequences, as is the case in current robotic systems. Furthermore,
having a place representation that does not have a pre-determined shape allows one to use a variety of heuristics for 
its recognition and as noted earlier, humans and animals are observed to make use of a rich variety of information to
recognize a place. When travelling in a familiar environment, a topological-metric map is known to be useful for 
plan pose a problem? Using Albot1, we show that this is not the case except when the place is large. We show how 
the local maps can provide expectations of what lies ahead. If the place is a large space (e.g. P5 in Experiment 3), the
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One closely related piece of work to ours is that of Kuipers 
is an interesting one, as observed from nature. While their current focus is to utilize the skeleton to help build a 
scalable global metrical map, it would be interesting to see what lessons are learned from their experiments and how 
we might combine both approaches towards understanding spatial cognition in general and robot mapping in 
particular. 
5. Conclusion 
We have extended Albot1 -metric map from its perceptual map. Three 
important lessons are learned from observing how Albot1 computes its map in a small office-like environment. First, 
input for computing a topological map. Third, the topological map provides useful local maps for solving problems 
locally. In the future, we will investigate the use of other sensors and clues to make the process more robust. 
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